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Introduction 
Under enhanced greenhouse conditions changes to the hydrological cycle are likely 
(e.g. Allen and Ingram 2002), with projected changes to climatic and hydrological 
extremes likely to have the most impact on human society (Tebaldi et al. 2006). 
Although using downscaling methods to examine climate change impacts is now a 
relatively well-developed field of research, few studies have examined the 
uncertainties introduced by using multiple climate model outputs on the hydrological 
response to climate change, mainly due to a lack of available comparable climate 
model outputs (Fowler et al. 2007a). However, a variety of applications in other fields 
have demonstrated that combining models through a multi-model ensemble generally 
increases the skill, reliability and consistency of model predictions (Tebaldi and 
Knutti 2007). In addition, recent regional climate model (RCM) intercomparison 
projects, such as PRUDENCE (Prediction of Regional scenarios and Uncertainties for 
Defining European Climate change risks and Effects; Christensen et al. 2007) and 
NARCCAP (North American Regional Climate Change Assessment Program; Mearns 
et al. 2006) have now provided suitable ensemble data sets for the assessment of 
climate change impacts at the catchment scale.  
Incorporating uncertainties into climate change impact projections is necessary as 
inherent uncertainties exist within the climate modelling process, e.g. grid resolution, 
process parameterisation, model structure and emissions scenario (e.g. Giorgi and 
Francisco 2000; Covey et al. 2003). Here, we propose a method to link probabilistic 
climate change scenarios to a weather generator downscaling method to examine 
climate change impacts on hydrological systems, a brief example of which is detailed 
by Fowler et al. (2007a). We use precipitation and temperature data from thirteen 
RCMs from the PRUDENCE ensemble driven by boundary conditions from two 
GCMs. A Bayesian scheme (as in Tebaldi et al. 2004; 2005) is used to fit a 
probability density function (pdf) of change in temperature and precipitation for the 
northwest England region using area-averages of model output, providing model-
specific reliabilities or ‘weights’. A stochastic weather generator (Kilsby et al. 2007) 
is then used to statistically downscale the regional distribution of change for the River 
Eden catchment in northwest England. Flows for current and future climate are 
simulated using outputs from the weather generator as inputs to a hydrologic model 
calibrated on current conditions. Probability distributions of impacts on flow statistics 
are produced using weights from the Bayesian scheme in a Monte-Carlo procedure.  
Model outputs and data 
We examine thirteen integrations from the PRUDENCE ensemble (available at 
http://prudence.dmi.dk) to evaluate the uncertainty in their future predictions of 
precipitation and temperature for the IPCC SRES A2 emissions scenario 
(Nakićenović et al. 2000) for the 2071-2100 period. Nine of the RCM integrations 
were conducted by nesting into the atmosphere-only high-resolution GCM HadAM3H 
of the UK Hadley Centre. One RCM, HadRM3P, is nested into HadAM3P, a more 
recent version of the same atmosphere-only GCM; HadRM3H and HadRM3P can be 
considered as essentially the same model for Europe (Haylock et al. 2006). A variable 
resolution global atmospheric model, Arpége, is nested directly into HadCM3. 
Additionally, two RCM integrations are driven by lateral boundary conditions from 
the ECHAM4/OPYC3 coupled ocean-atmosphere GCM. More details on the 
experimental design of the PRUDENCE integrations can be found in Jacob et al. 
(2007). All RCM integrations were re-gridded to a regular 0.5° by 0.5° grid to allow 
direct comparison between models. Suffixes E and H denote RCMs driven by 
ECHAM4/OPYC3 and HadAM3H/P/HadCM3 GCMs respectively.  
An observational precipitation dataset at a comparable scale to the RCM outputs was 
produced by taking a daily average across the 5 km boxes contained within each 0.5° 
x 0.5° grid cell for each day of 1961-1990 for the UK Meteorological Office dataset 
(Perry and Hollis 2005a, b). For observed temperature, we used the CRU TS 2.0 data 
set (Mitchell et al. 2004) which is a 0.5° by 0.5° gridded global series of monthly 
climate means for the period 1901-2000. Observed area-average daily potential 
evapotranspiration (PE), precipitation and mean flow time series for 1976-1998 for 
the Eden at Temple Sowerby were obtained for the calibration of the hydrological 
model. More details on this dataset can be found in Walsh and Kilsby (2007). 
Methods 
A four-stage method links probabilistic climate change scenarios to a stochastic 
weather generator downscaling method for hydrological impact studies, as briefly 
described by Fowler et al. (2007a). This is an illustration of one possible way that 
downscaling may be embedded within a probabilistic framework and does not address 
all sources of uncertainty. A flow diagram of the main steps in the methodology is 
shown in Figure 1. 
 
Figure 1 Flow diagram showing steps in the methodology used to produce probabilistic scenarios for 
the River Eden (adapted from Fowler et al. 2007a). 
Bayesian scheme 
A Bayesian scheme (as in Tebaldi et al. 2004; 2005) is used to fit a probability density 
function (pdf) of change in temperature and precipitation for the northwest England 
region (originally defined by Wigley et al. 1984) using area-averages of the RCM 
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output at grid cells contained in that region. Figure 2 shows the 0.5° RCM grid for the 
UK, with the northwest England region used in this study shown in grey. 
 
Figure 2 The Eden catchment in northwest England (to Temple Sowerby). Inset map shows RCM cells 
on 0.5° grid for the UK: the North West region used in this study is shown in grey. 
The Bayesian method assumes uninformative (i.e. diffuse) prior probability 
distributions for all the unknown quantities of interest: current and future regional 
average temperature and precipitation (for each season and under a specific scenario) 
and climate models’ reliabilities. The data from the regional models and from 
observation is incorporated through Bayes’ theorem, in order to derive posterior pdfs 
for all the unknown quantities. From these posterior pdfs, the distribution of 
temperature and precipitation change can be straightforwardly derived. The model-
specific reliabilities parameters, λs, are estimated as a function of each model’s 
performance in reproducing current climate (1961-1990) and agreement with the 
ensemble consensus for future projections. Their interpretation as model weights is 
thus straightforward, and, once standardized, they can be applied as such in the 
downscaling step. Since the Bayesian analysis produces joint posterior pdfs of the 
lambda parameters, we use the posterior mean of the distribution as our best estimate 
of model weights. Here, we weight using the model-specific reliabilities for area-
average precipitation (Table 1).  
One caveat of the Bayesian approach is that independence is assumed between 
ensemble members. This is an oversimplification, as many climate models share 
internal numerical and parameterisation schemes (Tebaldi and Knutti 2007; Jun et al. 
2008), particularly here where many of the RCMs share the same driving GCM. 
However, Fowler et al. (2007a) showed that results for two UK regions from a set of 
six of these RCMs are comparable to results for the entire UK from the set of IPCC-
AR4 (CMIP3) GCMs, suggesting that the RCMs are representative of the IPCC-AR4 
results. Also, here the method is used only to weight RCMs relative to one another in 
their skill in reproducing observed mean precipitation over northwest England. 
Table 1 Seasonal mean λ values for the North West England region of the UK for thirteen RCMs for 
precipitation. Note that λ values have been standardized to sum to 1.0 for each season. 
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Stochastic weather generator downscaling method 
We use a stochastic weather generator (SWG) downscaling approach to produce 
catchment scale climate change scenarios. EARWIG (Environment Agency Rainfall 
and Weather Impacts Generator) uses a stochastic rainfall model based on the 
Neyman-Scott Rectangular Pulses model (Cowpertwait 1991) to drive a SWG model 
based on regression relationships between daily weather variables and daily rainfall 
(see Kilsby et al. 2007 for more details). The model is able to generate synthetic daily 
climate data for any 5 km grid cell or small catchment in the UK, for current climate 
(1961-1990) and future climate scenarios.  
The additive or multiplicative changes between control and future RCM scenarios 
give monthly change factors (CFs) for different climatic variables. Five multiplicative 
CFs are used to change future rainfall statistics: mean daily rainfall, proportion dry 
days, variance of daily rainfall, skewness of daily rainfall and lag-1 autocorrelation. 
Additive/multiplicative factors are derived for change in temperature mean/variance; 
other weather variables are dependent on rainfall and temperature and these 
relationships are assumed to remain constant under climate change. Kilsby et al. 
(2007) use outputs from HadRM3H only (used for the UKCIP02 climate change 
scenarios). In Fowler et al. (2007a), EARWIG was recalibrated to produce outputs 
based on six RCMs from PRUDENCE. Here, we add seven further RCMs, producing 
a total of thirteen potential RCM climate change scenarios.  
We use the SWG to produce synthetic daily area-average climate sequences for the 
River Eden in northwest England, to the gauging station at Temple Sowerby (see 
Figure 2). For each RCM, 1000 30-year climate series were produced for each of the 
SRES A2 2010-2040, 2040-2070 and 2070-2100 scenarios and for a baseline 
scenario, 1961-1990. For the baseline, the simulation is based on observed climate 
statistics. Seasonal statistics were then calculated for each 30-year sequence and inter-
model variability in projections of change for temperature, precipitation and potential 
evapotranspiration (PET) was investigated. 
Hydrological modelling 
The Eden catchment to Temple Sowerby has an area of 616 km2 and an elevation 
range from 950 to 92 m (Figure 2). Rainfall in the catchment is predominantly from 
the westerly quadrant, producing an average annual rainfall over 1961-1990 of 1146 
mm and a mean flow of 14.44 m3 s-1.  
A simplified version of the Arno hydrologic model (Todini 1996) was used to 
translate the catchment daily rainfall and PET series from each RCM into daily 
streamflow series. This model is partly physically based and has two distinct 
components: the water balance, which models the interactions between the water 
content of the soil, rainfall inputs and evapotranspiration and runoff outputs; and the 
routing, which transfers the runoff to the outlet of the catchment, requiring the 
calibration of only six parameters (Table 2). Of these, four are used in the water 
balance component calculations, with the remaining two used in the transfer function. 
Table 2 Description of parameters in the ADM model and calibrated parameter set for the Eden 
catchment to Temple Sowerby. 
Parameter Description Fitted parameter values 
Wm Maximum water storage capacity of the soil (mm) 245.061 
b Shape parameter of the water storage capacity curve (-) 0.039 
D1 Maximum drainage rate (mm h-1) 1.024 
D2 Shape parameter of the drainage curve (-) 9.616 
Conv Convectivity (m s-1) 0.501 
Diff Diffusivity (m2 s-1) 1234.193 
 
The model was calibrated using the shuffled complex evolution method for global 
optimisation (SCE-UA), developed by Duan et al. (1992), with the Nash and Sutcliffe 
‘efficiency’ measure (CE) (Nash and Sutcliffe 1970) and water balance (WB) used as 
optimisation criteria. Historic rainfall, PET and flow data for the period 1976-1990 
were used for calibration (CE=0.73, WB=1.08) and for validation from 1991-1998 
(CE=0.78, WB=1.08). The CE values were reasonable and the WB of the simulated 
flows was within 8% of the historical flows. 
Using the calibrated hydrologic model, 1000 synthetic 30-year daily flow sequences 
were produced for the baseline and each of the thirteen possible futures (one for each 
RCM) for each time-slice (2010-2040, 2040-2070 and 2070-2100) using the simulated 
climate data from the SWG as inputs. Seasonal statistics were then calculated for each 
30-year sequence; providing mean, standard deviation, 5th and 95th flow percentiles 
(Q95 and Q5 respectively). The inter-model variability for projections of change in 
each statistic was then investigated. 
Monte-Carlo Simulation Scheme 
To produce probabilistic estimates of future change in precipitation, temperature, PET 
and flow in the Eden catchment, the λ values in Table 1 were used to provide a model-
specific weighting for each season. For each baseline and future scenario flow 
(climate) sequence, the pre-calculated seasonal statistics of change for the mean, 
standard deviation, 5th and 95th percentiles were selected in a Monte-Carlo scheme. 
The λ value for each RCM provides a weight for each model; proportional to the 
number of 30-year flow (climate) sequences from each model used in the analysis 
(e.g. as all model selections add to 1000 then λi =0.01 means that ten 30-year sections 
are selected from model i). As 
1
1
i n
i
i
λ
=
=
=∑ , the Monte-Carlo procedure produces 1000 
estimates of change for each flow (climate) statistic. A kernel density function was 
fitted to produce a pdf of change for each flow (climate) statistic.  
Results 
In this short paper only a limited set of results can be presented. Results are only 
shown for climate change impacts on selected climate and hydrological statistics for 
2050. A full set of results, including an assessment of the projections from individual 
RCMs and the sensitivity of the pdfs to ensemble size and weighting procedure, can 
be found in Fowler et al. (submitted). 
Impacts on precipitation, temperature and potential evapotranspiration 
Individual RCMs provide different estimates of changes in precipitation, temperature 
and potential evapotranspiration for the 2050s. Projections of change to mean 
temperature are much higher for ECHAM-driven models, particularly so in summer 
where projections of change to mean temperature by the variable resolution 
atmosphere-only GCM Arpége is less than for the RCMs; the projection range for 
mean change in the summer mean temperature pdf is +1.4°C (Arpége), +1.9°C 
(Hadley-driven) and +2.7°C (ECHAM-driven) respectively (not shown). Similar 
changes are projected for mean potential evapotranspiration (PET), resulting from the 
differences in temperature change projected by the different RCMs. However, 
projected changes to precipitation are reasonably consistent across the RCM 
ensemble. Models project increases in winter mean precipitation of ~15% and 
decreases in summer of ~20%, with changes spanning the zero change line in other 
seasons (not shown).  
Figure 3a shows the multi-model probabilistic estimate of changes to absolutes of 
seasonal mean temperature, standard deviation of temperature and 5th and 95th 
percentiles of the temperature distribution by the 2050s. The probabilistic weighted 
estimates suggest that mean temperature will increase in all seasons, with the least 
increase in winter (median +1.3°C). However, temperature variability (measured 
using standard deviation of temperature) will increase most in summer and autumn, 
with changes uncertain in other seasons as they are centred on the zero change line. 
Low temperatures (as measured by the 5th percentile of the temperature distribution) 
are projected to show a similar median increase of +1.5°C, although there are 
differences in the spread of the pdfs for different seasons. However, high temperatures 
(as measured by the 95th percentile of the temperature distribution) are projected to 
increase at around the same rate as mean temperature in winter but at a greater rate 
than mean temperature in summer and autumn. There is most uncertainty in the rate at 
which high temperatures in spring months will increase. 
Figure 3b shows the multi-model probabilistic estimate of percentage changes to 
seasonal mean PET and precipitation, and the 95th percentiles of the PET and 
precipitation distributions by the 2050s. Change to the 5th percentile is here irrelevant 
as the distribution suggests that this will be zero in both the baseline and 2050s for 
both variables. Mean PET will increase in all seasons, with the largest increase 
(~+50%) projected during the autumn and the smallest increases (~+30%) projected 
during the summer and spring. Projected changes to mean precipitation span the zero 
change line for spring and autumn but reductions are projected in summer (~-20%) 
and increases in winter (~+15%). Heavy precipitation events are projected to increase 
in all seasons except for summer. 
Impacts on River Eden hydrologic statistics 
Figure 4 shows the multi-model probabilistic estimate of percentage changes to 
seasonal mean flow, standard deviation of flow and 5th and 95th percentiles of the flow  
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(~-60%), with decreases of ~-15% projected for spring and autumn and increases of 
~+15% projected for winter, although there is uncertainty in the projections as the 
pdfs span the zero change line, particularly for spring and autumn. 
Flow variability is projected to decrease in summer, although there are large 
uncertainties as the pdf is very wide, and in other seasons spans the zero change line. 
Low flows (as measured by the 5th percentile of the flow distribution; Q95) are 
projected to decrease in magnitude; very large decreases are projected in summer and 
autumn (~-70-80%), with smaller decreases projected in spring (~-50%) and perhaps 
small increases in the winter. The magnitude of high flows (as measured by the 95th 
percentile of the flow distribution; Q5) are projected to decrease in summer (~-40%) 
but to increase in winter (~+10%), with uncertain projections in the other seasons. 
  
 
Figure 4 Multi-model probabilistic estimates of projected percentage change to flow statistics in the 
River Eden catchment in northwest England by the 2050s: Mean flow, standard deviation of flow, 5th 
and 95th flow percentiles. Black line (winter, DJF), red line (spring, MAM), green line (summer, JJA) 
and blue line (autumn, SON). 
 
Discussion and conclusions 
In this paper a method has been developed to combine different projections of change 
in climate and flow statistics from multiple RCMs into single probabilistic estimates, 
shown here as pdfs. This method was tested on the River Eden catchment in northwest 
England to estimate the projected impacts on temperature, precipitation, PET and flow 
statistics by the 2050s under the SRES A2 emissions scenario.  
The pdfs suggest that mean flows are likely to decrease in all seasons except winter, 
with the largest decreases projected in summer. The current Q95 flow is projected to 
significantly decrease in magnitude during all seasons except winter, and the Q5 flow 
is projected to decrease in summer and increase in winter. These changes to the flow 
distribution are caused by significant projected changes to climate in the 2050s. Mean 
temperature is projected to rise in all seasons but, most significantly, temperature 
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variability and high temperatures will rise at a greater rate than the mean in summer 
and autumn, although for low temperatures the rate of change is similar to that of the 
mean. Precipitation is projected to increase in winter but to decrease in summer, with 
projected increases in heavy precipitation events in all seasons except for summer. 
Mean PET will increase in all seasons due to the temperature rise. 
These probabilistic estimates of future change are based on the results from multiple 
RCMs for only one emissions scenario and one hydrological model parameterisation. 
Improvements to the method may include an assessment of the further uncertainty 
introduced by the emissions scenario, and the structure and parameterisation of the 
hydrological model. The impact of hydrological model parameterisation is tested in a 
development of this approach by Manning et al. (in revision) for the Thames 
catchment in southern England; concluding that the hydrological parameterisation 
uncertainty is lower than that introduced by the RCMs. The largest uncertainty within 
this approach has been shown to come from the driving GCM; similarly to Fowler et 
al. (2007b). Other studies using the same set of RCMs, but including different 
emissions scenarios, have shown that the GCM structural uncertainty surpasses that of 
individual emissions scenarios (e.g. Déqué et al. 2007). Despite these caveats, this 
method has been shown to be a useful contribution to the debate on how to combine 
projections from multiple climate models; particularly relevant given the imminent 
release of the first probabilistic UK climate scenarios, UKCIP08, in November 2008. 
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